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Abstract The greenhouse gas inventory of the European Communities and its
estimation of the uncertainty is built from 15 individual and independent greenhouse
gas inventories. This presents a particular challenge and is possible only if homo-
geneous information is available for all member states and if a proper evaluation
of correlation between member states is performed. To this end, we present a
methodology that estimates a quantitative measure for the aggregated Tier-level
as well as the uncertainty for the main categories in the agriculture sector. In
contrast to the approach suggested in the IPCC guidelines, which uses uncertainty
estimates for activity data and emissions factors for each source category, the method
presented uses quantitative information from individual parameters used in the
inventory calculations, in combination with a well defined procedure to aggregate
the information. Not surprisingly, N2O emissions from agricultural soils are found to
dominate the uncertainty. The results demonstrate the importance of correlation,
if uncertainties are combined for the whole of Europe. The biggest challenge
seems to be to conceptually harmonize the uncertainty estimates for the activity
data (which tend to be underestimated) and emission factors (which tend to be
overestimated).
1 Introduction
The use of a robust methodology to estimate the uncertainty in national green-
house gas (GHG) inventories is becoming increasingly important as the role of the
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uncertainty estimates increases. In the past, the main purpose of uncertainty assess-
ment (UA) was to prioritize future investments for the improvement of the national
GHG inventory. Thus it was used to rank the source categories accordingly to obtain
better data. Furthermore there is particular academic interest in comparing GHG
inventory uncertainties across countries (e.g., Keizer et al. 2007; Monni et al. 2004;
Rypdal and Winiwarter 2001), or the results of different methodologies used in
the UA (e.g., Olsthoorn and Pielaat 2003; Ramiréz et al. 2006; Winiwarter 2007).
It is now recognized that uncertainty estimates will be used to prove the achieve-
ment of GHG reduction commitments (Jonas et al. 2007; Monni et al. 2007; Nahorski
et al. 2007) or to play a critical role in deciding on reduction projects (e.g., Grassi
et al. 2008). Yet, while the quality of the GHG inventories has significantly improved
in the last few years and is now generally accepted to be of comparable standard
and quality (Leip et al. 2005), the estimates of the uncertainty are far from being
comparable and are spread over a large quality range.
While there are several comparative studies on UA in GHG inventories, they are
mainly in the framework of an improvement of national approach for UA (see, e.g.,
Winiwarter (2007) for Austria, Monni et al. (2007) for Finland, Ramiréz et al. (2006)
for the Netherlands; Rypdal and Flugsrud (2001) for Norway, Passant (2003) for the
United Kingdom). In this paper we present a compilation of uncertainty estimates of
member states of the European Union (EU) for the agriculture sector. The European
Commission (EC) is the only regional economically integrated organization that has
joined the United Nations Framework Convention on Climate Change (UNFCCC)
as a party and has thus the same reporting obligations. However, while data for GHG
emissions and estimates for the relative uncertainty of activity data and emission fac-
tors were taken from the national GHG inventories of the respective member states,
a common approach was applied to calculate sectoral and sub-sectoral uncertainty
of the emissions. Additionally, we calculated the aggregated uncertainty for the 15
member states of the EU (EU15) which are part of the ‘European bubble’ (see EEA
2008, 2009). For the EC inventory, uncorrelated emission estimates of the individual
countries reduce the level of uncertainty. It is thus important to make assumptions on
the level of correlation between member states’ emission estimates. We developed
an approach that bases the degree of correlation between member states on the
Tier level of the national emission inventories, being a further development of
the approach already used in earlier EC GHG inventories (see EEA 2007). The
term “Tier level” is used in analogy to the IPCC (2000) definition to describe the
methodology used. The idea is that the higher the Tier level of the emission estimates,
the higher the influence of national information on the emission calculations, and
the smaller the degree of correlation among member states. Thus a correlation-
matrix is obtained which is used for both an extended Tier 1 for uncertainty
(simple error propagation with consideration of correlations) and a Tier 2 (Monte
Carlo).
In the following I develop the methodology and show the results for the most
recent EC inventory of the year 2008. I then identify necessary improvements to the
UA and discuss some critical aspects such as likely over- or underestimation of un-
certainties in inventory-input data and possible ways to achieve UAs of comparable
content and quality for EU member states.
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2 Method
The uncertainty estimates of member states are carried out by Tier 1 or Tier 2
methods following the IPCC guidance (IPCC 2000). As a further development of
the approach used in the EC greenhouse gas inventory (EEA 2007), the method
used for the UA of the agriculture sector of the combined EC inventory presented
here involves several additions to the approaches described in the IPCC guidelines
(IPCC 2000, 2006). This includes (1) a quantitative assessment of the Tier level of
the emission estimate based on the individual factors and parameters used for all
members states and the EC; (2) consistent aggregation of the available uncertainty
information to the level of the categories including gap filling where necessary.
This is done using both Tier 1 and Tier 2 methodology for both level and trend
uncertainty; (3) aggregation of categorical uncertainty estimates to the EU level
using quantitative information on the level of independence. As a proxy for the
level of independence, the Tier level is used and is defined as follows: Tier 1 if only
default IPCC data are used in the estimation equation and Tier 2 if the emissions
estimate is based on country-specific data. Through the aggregation of emission data
by categories and countries, intermediate values between Tier 1 and Tier 2 become
possible.
2.1 Assessing the Tier level
The IPCC methodology estimates emissions Es from a certain source category s as:
Es = IEFs · ADs (1)
where ADs is the activity data for the source category s and IEFs is the implied
emission factor for this category. There are three levels for estimating the emissions,
called Tier 1, Tier 2, and Tier 3, moving from the use of default values through the
inclusion of national information to the application of modeling tools. In order to
define an EU-wide Tier level per source category and sector, two criteria must be
met:
1. For each source category and member state a Tier level must be assigned.
2. To assess the quality of aggregated emissions derived at different Tier level, the
Tier levels must be measured on an interval scale, allowing ‘intermediate’ Tier
levels.
To do this, I developed standard procedures for each source category, based on the
following principles:
1. The flow of nutrients in agriculture implies that the emission in one category can
serve as an activity level in another. Therefore, the Tier level, for example, of the
estimate for nitrogen excretion influences the Tier level for nitrous oxide (N2O)
emissions from manure management, and also N2O emissions from manure
application to soils, indirect N2O emissions from volatilization of NH3+NOx,
and N2O emissions from nitrogen deposited by grazing animals.
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2. A Tier level is assessed for each parameter by comparing the IPCC default value
with the value used by the countries. If the default IPCC value is used, the
Tier level is set to 1 and otherwise the Tier level is set to 2. Caution is taken
for country-specific data that are identical to the default values. This has been
checked “manually.”
3. With a few exceptions, a country-specific estimation of the activity data is
considered as “standard” for countries in Europe. Only for source categories
where particular efforts are needed for a good estimate of the activity is the Tier
level of the activity data considered, such as the area of cultivated histosols or
the fraction of manure deposited by grazing animals.
For the sake of consistency with the IPCC usage, we evaluate Tier levels in the range
[1,2], not considering emission estimates of higher Tier as Tier 2, which, however,
have, to date, been very rare in the GHG inventories of European countries.
Tier levels are aggregated applying different aggregation rules:
a. The MEDIAN-rule is applied if the Tier level T of a product of different
parameters Pi is to be evaluated (T∏i Pi). The aggregation of the Tier level
of these parameters to estimate the Tier level of the emission factor should
follow the following principles. (1) If parameters at very different Tier levels
are multiplied, the higher level should get more weight; (2) if parameters with
different uncertainty are multiplied, it should be good practice to estimate the
parameter which is associated with the higher uncertainty at a higher Tier
level. Thus, the aggregation rule should reward the fact that efforts have been
made to improve uncertain parameters. Where a comprehensive set of relative
uncertainty estimates for the individual parameters is lacking, the following
equation with an arbitrary weighting factors wp,j has been introduced, based on
expert judgment:
T∏
i Pi = 3 −
∏
i
⎡
⎣(3 − TPi)
wp,i
∑
j {wp, j}
⎤
⎦ (2)
with i and j indicating the individual parameters to be multiplied. The term
(3 − TPi) assures that a higher weight is given to the parameter estimated with
the higher Tier. For example, this formula is used to estimate the uncertainty
of the emission factor for CH4 emissions from manure management, which
is calculated as the product of volatile solid excretion (VS), maximum CH4
producing capacity (B0), and CH4 conversion factor (MCF). The following
weights were used: VS: 0.75, B0: 0.125, MCF: 0.125. The higher weight for VS
is based on the observation that variations of B0 and MCF are usually small
and thus do not greatly contribute to uncertainty of the emission factor. A
simplified rule has been applied to estimate the Tier level of CH4 emissions from
enteric fermentation, which in many cases is based on, or validated with, direct
measurements.
b. The MEAN-rule if an emission estimate is calculated as the sum of two or
more sub-categories. In this case, the Tier levels of the individual estimates are
aggregated using an emission-weighted average. For example, the Tier level of
indirect N2O emissions from agriculture T4D3 is calculated from the Tier levels
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determined for indirect emissions through volatilization of reactive nitrogen
gases T4D3a and leaching/run-off of nitrate T4Db according to:
T∑
i
Ei =
∑
i
Ti · Ei
∑
i
Ei
(3)
2.2 Assessing the uncertainty at member state level
The IPCC guidelines (IPCC 2000, 2006) describe two approaches for combining
uncertainty in the GHG inventory models. The first approach uses the error prop-
agation method. This method works fine as long as the probability density function
(PDF) of the mean is normal and the relative standard deviation σr is not larger than
0.3. For larger relative standard deviations or skewed distributions IPCC (2006) also
gives guidance on how a good estimate for combined uncertainty can nevertheless
be achieved. I applied a Tier 1 (uncertainty propagation) and a Tier 2 (Monte Carlo)
model to estimate combined uncertainty at member state and EC levels, where this
was not yet reported at the required level of aggregation by the member state. For
both approaches I considered potential dependencies, expanding the Tier 1 method
for additive terms with the following equation:
σ 2X±Y = σ 2X + σ 2Y ± 2 · COVX,Y (4)
COVX,Y = ρX,Y · σX · σY (5)
if σ 2x is the variance of the parameter X, COVX,Y is the covariance between the para-
meters X and Y, ρX,Y is the coefficient of correlation. Both approaches were realized
in Spreadsheet models using Visual Basic for Excel® functions. The information on
the uncertainty estimates for agricultural sources differs significantly across the 15
member states for which the EC inventory has to be compiled. Some countries report
uncertainties at the level of categories; other give detailed information, for example
by main animal types or for the different types of nitrogen input contributing to direct
N2O emissions. For a meaningful comparison and further processing at the EU level,
the numbers must be aggregated or gap-filled. As a rule, uncertainties below the sub-
category are assumed to be correlated (e.g., when combining dairy and non-dairy
cattle or different direct N2O sources from agricultural soils), while for the combina-
tion of sub-categories (different animal types, direct and indirect N2O emissions), the
uncertainties were considered to be uncorrelated. The uncertainties of the categories
within agriculture are considered to be uncorrelated as well. This is mainly due to
the fact that the largest contribution of the uncertainties stems from the emission
factors (Leip et al. 2005) so that the uncertainty of the activity data, which might be
partly identical across categories, becomes less important. “Gap filling” is done for
the combined uncertainty (AD*EF). For the analysis of the trend uncertainty, gap
filling for ADs and EFs is also required. Here, AD uncertainties are gap-filled first on
the basis of the model
∑
i {EFi · ADi} = IEF ·
∑
i {ADi} = IEF · AD, and missing
EF uncertainties are then calculated on the basis of the formula IEF = E/AD for
both Tier 1 (with (σr,IEF · IEF)2 = (σr,E · E)2 − (σr,AD · AD)2) and Tier 2. Tables 1
and 2 show that there is large variability in uncertainty estimates for both activity
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Table 1 Summary table for the relative uncertainty in percentage terms for activity data (source:
national GHG inventories of EU member states for the year 2007, submitted in 2009, and own
calculations)
Total 4A 4B 4B 4C 4D 4D
CH4+N2O CH4 CH4 N2O CH4 CH4 N2O
Austria 4 10 7 10 4
Belgium 12 5 10 10 30
Denmark 5 10 10 10 7
Finlanda 12
France 5 5 5 5 10
Germanya
Greece 15 5 5 50 2 22
Ireland 1 1 1 11
Italy 9 20 20 20 3 14
Luxembourg 4 2 2 9
Netherlands 8 4 9 10 17
Portugal 12 9 34 39 37 30
Spain 44 3 3 16 102
Sweden 9 5 20 20 16
United Kingdom 1 0 0 1 1
4A enteric fermentation, 4B manure management, 4C rice cultivation, 4D agricultural soils
aSome countries do not report uncertainty estimates for AD, as the uncertainty assessment is done
with a dedicated model and the combined uncertainty estimate is reported as EF-uncertainty
data (Table 1) and emission factors as they are reported in the national inventory
reports of the member states of the European Union. The variability will be further
discussed below.
Table 2 Summary table for the relative uncertainty in percentage terms for the implied emission
factors (source: national GHG inventories of EU member states for the year 2007, submitted in
2009, and own calculations)
Total 4A 4B 4B 4C 4D 4D
CH4+N2O CH4 CH4 N2O CH4 CH4 N2O
Austria 41 22 50 100 101
Belgium 98 40 41 91 252
Denmark 18 13 100 100 24
Finland 45 32 16 82 75
France 100 40 50 50 200
Germany 158 6 12 21 50 307
Greece 63 30 50 112 40 95
Ireland 22 11 11 101 58
Italy 36 28 102 102 20 67
Luxembourg 82 30 145 159
Netherlands 41 15 70 100 83
Portugal 76 14 82 107 55 227
Spain 104 11 11 101 239
Sweden 41 25 54 54 71
United Kingdom 229 20 30 414 424
4A enteric fermentation, 4B manure management, 4C rice cultivation, 4D agricultural soils
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The Monte Carlo calculation includes a control on the likely PDF of the mean.
If the relative uncertainty exceeds 0.4 then it is assumed that the mean is log-
normally distributed and the distribution is transformed with μl = log10 {μn} and
σl = log10 (1 + σn/100).
The trend uncertainty is calculated with both standard Tier 1 (IPCC 2006) and
Monte Carlo calculation.
2.3 Assessing the uncertainty at the EU level
Uncertainties for source categories in the agriculture sector and for the sector
as a whole are combined considering an assumed degree of dependence between
each pair of countries. The quantitative assessment of the Tier levels outlined in
Section 2.1 helps to derive a reasonable estimate for the correlation coefficient ρXY
between two countries X and Y. To this end, the Tier levels TX and TY are used in
the following equation:
ρX,Y =
√
(2 − TX) · (2 − TY) (6)
Equation 6 leads to the situation of no correlation (ρX,Y = 0) for two countries with
a Tier 2 and full correlation (ρX,Y = 1) if both countries used a Tier 1. A correlation
coefficient can be calculated for any intermediate situation. This information is
further processed within the standard IPCC Tier 1 and Monte Carlo methods for
both level and trend uncertainty.
3 Results
Table 3 summarizes the Tier levels calculated for EU15 countries for the main source
categories in agriculture. Enteric fermentation and manure management emissions
are largely based on a characterization of the animal performance. This is conducted
for animal types relevant for CH4 emissions from enteric fermentation. For CH4
emissions from manure management other animals are relevant (swine, poultry)
with the consequence that the Tier level for CH4 emission estimates from manure
management is, with Tier 1.6, somewhat lower than for CH4 emissions estimates for
enteric fermentation. Nitrogen excretion data are in many cases based on national
studies, which makes the estimate for N2O emissions from manure management
of a higher Tier (Tier 1.7 for EU15). For N2O emissions from agricultural soils,
only few countries have developed national emission factors, even though national
information for other parameters, particularly volatilization and leaching fractions,
make the Tier level higher than 1. Very different approaches are used to estimate
CH4 emissions from agricultural soils; most countries do not report this source
category. While two countries estimate CH4 emissions from sewage sludge applied
to soils, one country estimates this source category as uptake of CH4 in aerobic
soils.
The result of the uncertainty assessment (Tier 1) is shown in Table 4. For the
EC uncertainty, five scenarios are calculated to give an idea for the range of
possible uncertainty values. The first scenario calculates the uncertainty using the
“most probable” correlation level as defined above. However, particularly for N2O
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Table 3 Summary table for the tier level assessment for EU15 countries, based on information for
national GHG inventories for the year 2007, submitted in 2009
Total 4A 4B 4B 4C 4D 4D
CH4+N2O CH4 CH4 N2O CH4 CH4 N2O
Austria Tier 1.6 Tier 1.9 Tier 1.8 Tier 1.7 Tier 2.0 Tier 1.3
Belgium Tier 1.7 Tier 1.9 Tier 1.9 Tier 2.0 Tier 2.0 Tier 1.5
Denmark Tier 1.7 Tier 2.0 Tier 1.9 Tier 1.9 Tier 1.5
Finland Tier 1.6 Tier 1.9 Tier 1.6 Tier 1.4 Tier 1.5
France Tier 1.4 Tier 2.0 Tier 1.2 Tier 1.5 Tier 1.0 Tier 1.1
Germany Tier 2.0 Tier 2.0 Tier 1.9 Tier 2.0 Tier 2.0 Tier 2.0
Greece Tier 1.2 Tier 1.6 Tier 1.1 Tier 1.7 Tier 1.0 Tier 1.1
Ireland Tier 1.7 Tier 2.0 Tier 1.6 Tier 1.7 Tier 1.3
Italy Tier 1.5 Tier 1.8 Tier 1.8 Tier 1.7 Tier 2.0 Tier 1.3
Luxembourg Tier 1.5 Tier 2.0 Tier 1.8 Tier 1.2
Netherlands Tier 1.9 Tier 1.9 Tier 2.0 Tier 1.7 Tier 1.9
Portugal Tier 1.7 Tier 2.0 Tier 1.9 Tier 1.7 Tier 1.0 Tier 1.4
Spain Tier 1.8 Tier 1.9 Tier 1.8 Tier 1.7 Tier 1.7
Sweden Tier 1.8 Tier 1.9 Tier 1.9 Tier 1.7 Tier 1.8
United Kingdom Tier 1.5 Tier 1.9 Tier 1.6 Tier 1.8 Tier 1.2
EU-15 Tier 1.6 Tier 1.9 Tier 1.6 Tier 1.7 Tier 1.6 Tier 2.0 Tier 1.4
4A enteric fermentation, 4B manure management, 4C rice cultivation, 4D agricultural soils
Table 4 Summary table for the uncertainty assessment (relative uncertainties (Tier 1) in percentage
of mean emission estimate, based on information for national GHG inventories for the year 2007,
submitted in 2009)
Total 4A 4B 4B 4C 4D 4D
CH4+ N2O CH4 CH4 N2O CH4 CH4 N2O
Austria 40.5 22.4 50.1 100.5 100.6
Belgium 98.3 40.3 41.2 90.6 251.8
Denmark 18.4 12.8 100.5 100.5 24.1
Finland 44.8 32.1 15.9 82.0 74.9
France 100.2 40.3 50.2 50.2 200.2
Germany 158.4 5.9 11.6 20.9 50.0 306.6
Greece 63.2 30.4 50.2 111.8 40.0 95.0
Ireland 21.7 11.4 11.2 100.6 57.9
Italy 35.5 28.3 102.0 102.0 20.2 66.5
Luxembourg 82.1 30.1 144.6 158.7
Netherlands 40.5 15.2 69.7 100.5 82.8
Portugal 76.2 14.4 82.2 107.3 54.7 227.3
Spain 103.6 11.4 11.4 101.3 239.3
Sweden 40.8 25.5 53.9 53.9 70.5
United Kingdom 229.1 20.0 30.0 414.0 424.0
EU-15* 67.5 11.5 25.7 61.4 19.8 50.0 156.6
No correlation 45.4 10.5 18.0 41.6 18.7 50.0 93.1
Full correlation 102.4 22.6 40.7 101.0 27.9 50.0 209.9
Only 4D uncorr 46.4 22.6 40.7 101.0 27.9 50.0 93.1
Only 4D corr. 102.0 10.5 18.0 41.6 18.7 50.0 209.9
4A enteric fermentation, 4B manure management, 4C rice cultivation, 4D agricultural soils
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emissions from agricultural soils, the dependence on other exogenous factors that
are not part of the inventory system might influence the uncertainty distribution,
so that the “most probable” level of correlation does not necessarily reflect the
reality. Therefore, a second scenario assumes no correlation between the uncertainty
estimates of the individual countries, while the third scenario assumes full corre-
lation. Obviously, this scenario leads to the highest overall uncertainty estimates
of 102% for agriculture. Two additional scenarios calculate the bounds for the
uncertainty estimate assuming that the member states’ estimate for agricultural soils
is uncorrelated, but the estimates of all other sub-categories is correlated (lower
bound) and finally that only agricultural soil estimates are correlated (upper bound).
The table shows that both bounds are shifted only slightly, the lower from 45.4% to
46.4% and the upper from 102.4% to 102.0%. This highlights again the importance
of N2O emissions from agricultural soils, which is further translated into the overall
GHG inventory, as shown in Table 5, giving the uncertainty values as a percentage of
the total GHG emissions, where it induces a range of the total uncertainty from 4%
to 9%. If agriculture were not part of the GHG inventory, the uncertainty would
be at a level of 1.4%! The analysis of the trend analysis yields similar results as
calculated in EEA (2009), and shown in Table 6. The trend uncertainty is calculated
following the methodology proposed in the IPCC (2000) guidelines. The table shows
that agriculture contributes 1.2% to the total trend uncertainty of the EC GHG
inventory of 8.4% (EEA 2009) and that, again, N2O emissions from agricultural soils
dominate.
Table 5 Member states’ contribution of uncertainty in agriculture to the overall uncertainty esti-
mate emission data from EEA (2009). Relative uncertainty in percentage of total emissions from
agriculture, based on information for national GHG inventories for the year 2007, submitted in 2009
Total 4A 4B 4B 4C 4D 4D
CH4+ N2O CH4 CH4 N2O CH4 CH4 N2O
Austria 3.7 0.8 0.5 1.0 3.4
Belgium 7.2 1.1 0.5 0.5 7.1
Denmark 2.8 0.5 1.6 0.9 2.0
Finland 3.2 0.6 0.1 0.5 3.0
France 18.1 2.2 1.3 0.6 17.9
Germany 8.5 0.1 0.1 0.1 0.0 8.7
Greece 5.4 0.7 0.2 0.2 0.0 5.4
Ireland 5.6 1.5 0.3 0.6 5.3
Italy 2.4 0.6 0.6 0.7 0.1 2.1
Luxembourg 4.5 0.6 1.1 4.2
Netherlands 3.6 0.5 0.9 0.4 3.4
Portugal 7.1 0.5 1.2 0.8 0.3 6.9
Spain 10.8 0.3 0.2 0.7 10.7
Sweden 5.3 1.1 0.4 0.4 5.1
United Kingdom 15.6 0.5 0.1 1.1 15.5
EU-15 6.2 0.3 0.3 0.3 0.0 0.0 7.0
EU-15 no corr 4.2 0.3 0.2 0.2 0.0 0.0 4.2
EU-15 full corr 9.4 0.7 0.5 0.6 0.0 0.0 9.4
4A enteric fermentation, 4B manure management, 4C rice cultivation, 4D agricultural soils, 4D1
direct N2O emissions, 4D2 N2O emissions from grazing animals, 4D3 indirect N2O emissions
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Table 6 Trend uncertainty in percent-points of the overall EC GHG inventory, based on informa-
tion for national GHG inventories for the year 2007, submitted in 2009
Total 4A 4B 4B 4C 4D 4D
CH4+N2O CH4 CH4 N2O CH4 CH4 N2O
Austria 0.02 0.01 0.00 0.00 0.01
Belgium 0.07 0.01 0.01 0.00 0.07
Denmark 0.03 0.01 0.01 0.00 0.02
Finland 0.02 0.00 0.00 0.00 0.02
France 0.49 0.06 0.02 0.02 0.48
Germany 0.34 0.01 0.00 0.00 0.34
Greece 0.08 0.01 0.00 0.01 0.00 0.08
Ireland 0.01 0.00 0.00 0.00 0.00 0.01
Italy 0.13 0.08 0.02 0.03 0.00 0.09
Luxembourg 0.00 0.00 0.00 0.00
Netherlands 0.08 0.01 0.01 0.00 0.08
Portugal 0.06 0.01 0.01 0.01 0.01 0.06
Spain 0.71 0.02 0.01 0.02 0.71
Sweden 0.03 0.01 0.00 0.00 0.03
United Kingdom 0.78 0.01 0.01 0.05 0.78
EU-15 1.2 0.1 0.0 0.1 0.0 0.0 1.2
4A enteric fermentation, 4B manure management, 4C rice cultivation, 4D agricultural soils
4 Discussion
Generally, uncertainties in input data need to be derived from indirect sources or
from expert judgments. A comparison of the uncertainty estimates of five inventories
in the late 1990s (Rypdal and Winiwarter 2001), showed that the main reason for the
difference in estimated uncertainty is the differences in the assessment of N2O emis-
sions from agricultural soils. We find striking differences in the uncertainty estimates
from different countries, in that in many cases higher uncertainties are reported
in countries where large efforts were put into the agricultural GHG inventory. Monni
et al. (2004) also stress that differences in reported uncertainties are in large part due
to different ways of assessing the uncertainty. Rypdal and Flugsrud (2001) describe
two ways to handle correlations. One way is to aggregate the input data set in such a
way that the dependencies are eliminated and the other solution is to explicitly model
the dependencies in the analysis, if this is allowed by the method used. The IPCC
Good Practice Guidance (IPCC 2000) notes that correlations, even if they exist, may
not be important for the uncertainty assessment of a GHG inventory if the depen-
dency is not sufficiently strong or the inventory is not sensitive to the dependent
inputs. Nevertheless, consideration of correlation between countries is important as
this lead to a significant reduction of the uncertainty of emission estimates when
combined to the EC level. If countries are relying on default EFs, the distribution
of the true mean value is likely to be the same, unless national circumstances differ
in important driving factors for that source category in which case the true mean
would have to be sampled from a different probability distribution. New scientific
evidence would lead to an upward or downward correction of the emission strength
for all countries using this default emission factor. Therefore, the EC-IR (EEA 2009)
assumed that the uncertainty of those countries are correlated which are using a Tier
1 methodology, while the countries using Tier 2 methodology were assumed to be
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uncorrelated. This approach is not satisfactory, as it neglects that most calculations
are conducted with several parameters so that the degree of “independence” varies
with the amount of effort that has been put into the development of country-specific
parameters. Hence, the analysis presented in this paper extends the approach of the
EC-IR by quantifying a degree of independence between categories and countries
on the basis of the Tier level as defined in the IPCC guidelines, but applying this
definition not only to activity data or emission factors, but to each individual datum
used in the calculation of the emissions.
The quantification of the degree of independence and its use for the combination
of uncertainties was the main aim in developing the approach for aggregating the
Tier levels; it has therefore been tailored to be an indicator of the influence of
country-specific information on the emission estimates. It is thus a measure for
the methodology used and does not automatically imply that a high “degree of
independence” goes hand in hand with a high “quality level,” as no evaluation
of the data or the approach used has been performed. Nevertheless, an emission
estimate that was derived with a higher Tier level should also be more accurate
and less uncertain, and thus of a better quality, given the fact that all national
GHG inventories considered here were subject to strict review by the UNFCCC
Secretariat.
However, not all correlations between source categories could yet be considered.
Important dependencies between the estimated amount of manure produced in a
country and emissions of N2O from various source categories “down the pipe” such
as N2O emissions from manure management, and direct and indirect N2O following
application of manure to soils, could not be quantified, as uncertainty values of N-
excretion data are not reported by the countries. The large range of uncertainties
reported for the N-input to agricultural soils (between 1% and 75%) suggests that
these dependencies are inherently considered by some countries, but neglected by
others. A common approach to handling these dependencies is important to increase
the comparability of the uncertainty estimates across countries.
The comparison between the two approaches—error propagation with considera-
tion of correlation versus the Monte Carlo analysis—confirms that both approaches
yield very similar results (e.g., Monni et al. 2004; Ramiréz et al. 2006; Winiwarter
2007). Monte Carlo results are in most cases within 10% of the estimates obtained
with the Tier 1 approach. Moreover, the aggregation of uncertainty estimates from
country- to Europe-level yields only slight differences between the approaches, of
a few percentage points. Differences, however, appear for emission estimates with
high uncertainties such as N2O emissions from agricultural soils (data now shown).
4.1 Activity data uncertainty is likely to be under-estimated
The final goal of the assessment was to obtain a realistic uncertainty estimate for
the area covered by all 15 countries considered. However, this not only depends on
an appropriate approach to combining the uncertainty estimates from the individual
countries; it should also be checked whether these estimates themselves are com-
parable and/or realistic. For example, several countries use the same uncertainty
value for the AD of CH4 emissions from enteric fermentation and CH4 and/or
N2O emissions from manure management (see Table 1). Taking the AD uncertainty
in category 4A for describing the accuracy of the livestock population, the AD
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uncertainty for category 4B(a) should, strictly speaking, include the uncertainties
for the allocation of manure to climate regions and manure management systems.
The AD uncertainty for N2O emissions should include both the uncertainty for the
allocation of manure to the manure management systems and the nitrogen excretion
factors. For the latter, IPCC (2000) recommends an uncertainty range of ±50% if
using default values, down to ±25% if country-specific information is used. In view
of this recommendation, most countries appear to underestimate the uncertainty
surrounding their estimate for the AD in category 4B(b).
The allocation of manure to the different manure management systems is a
parameter which is highly controlled by the structure of the agricultural sector in
a country (for example, increasing the average size and specialization of agricultural
holdings in a country generally also implies that a higher percentage of the manure is
managed in liquid systems) but also by environmental (e. g., NH3 ceilings) and animal
welfare policies (Leip 2005a; Petersen et al. 2007). This also makes this parameter
highly dynamic for the time period since 1990, which can be observed for those
countries that have estimated an increase/decrease in the importance of manure
management systems by up to a factor of more than two (EEA 2009). However, even
in these countries, statistics on the management systems for manure rarely exist and,
having not usually been surveyed for the whole time period since 1990, are to a large
degree based on expert judgment. Hence, in many cases the error made will vary
significantly with time and it is unlikely that the distribution of manure management
systems in a country is known with a higher accuracy than 20%. In Sweden, statistics
on animal waste management systems have been available every 2 years since 1997,
yet this country is among those with the highest estimate for the uncertainty for the
AD in category 4B(a). We therefore consider it very likely that most countries are
underestimating this uncertainty.
4.2 Correct allocation of sources of error to activity data and emission factors
is important for estimating trend uncertainty
One explanation could be that these uncertainties are calculated into the estimate for
the EF uncertainty (see Table 2). For category 4B(a), we find values ranging from
11% to over 100%. This should cover the uncertainties associated with the estimates
of the content of volatile solid excretion, the maximum CH4 producing capacity, and
the methane conversion factor. The allocation of an uncertainty estimate to AD or
EF remains important as long as standard rules are applied to evaluate correlation in
time and therefore the trend uncertainty.
As a default, IPCC considers ADs as uncorrelated in time and EFs as correlated.
The idea is straightforward: activity data are usually based on statistical surveys, and
the error made in 1 year is independent of the error made in another year; thus no
correlation in time is assumed. The uncertainty around emission factors is in most
cases determined by scientific knowledge gaps (i.e., leading to a bias in unknown
direction and quantity) or by high variability encountered in field measurements, as is
the case, for example, for the N2O emission factor for agricultural soils. However, the
shift of the uncertainty surrounding, for example, the manure management system
allocation (when this is not correlated in time) into the EF uncertainty estimates
would lead to a significant underestimation of the trend uncertainty. A similar
discussion also applies to the AD uncertainty estimates for N2O emissions from
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agricultural soils, where very large differences are observed (ranging from 1% to
102%, see Table 1).
4.3 Uncertainty of the emission factor for N2O emissions from agricultural soils
could be overestimated
One of the most important elements in today’s uncertainty assessment of GHG
inventories is the uncertainty of the emission factors used to estimate N2O emissions
from agricultural soils. The uncertainty range for direct N2O emissions proposed
in the IPCC (2000) is based on an assessment of Bouwman (1994) who analyzed a
compilation of flux measurements and concluded that the best estimate ranges from
0.25% to 2.25% covering more than 90% of the published emission values (IPCC
1997). Even though the central value of the emission factor remained unchanged in
the Good Practice Guidance, the uncertainty range was updated, accounting for the
fact that measured N2O emission factors have a skewed distribution and that the best
estimate for the confidence limit ranges is set to one-fifth to five times the default
emission factor of 1.25% (IPCC 2000). In the revised IPCC guidelines (2006), the
N2O emission factor for direct emissions was changed from 1.25% to 1% as a result
of an analysis of the same, but updated, data by Bouwman et al. (2002) and Stehfest
and Bouwman (2006). The confidence interval now ranges from one-third to three
times the default emission factor. The reason for this high uncertainty for this source
category is “natural variability, partitioning fractions, activity data, lack of coverage
of measurements, spatial aggregation, and lack of information on specific on-farm
practices. Additional uncertainty will be introduced in an inventory when emission
measurements that are not representative of all conditions in a country are used”
(IPCC 2006).
Natural variability of N2O emissions is huge, both in time and space, and across
scales from the micro-scale to the plot and regional scale. This means that good
predictions of N2O emissions are impossible unless the major factors influencing the
fraction of the N-input which is transformed and emitted as N2O are known and an
appropriate model is available. For national GHG inventories, this natural variability
is important only as far as the assembly of conditions encountered in the country does
not compensate for it.
Several studies have shown that the IPCC emission factor seems to be fairly
accurate if larger regions (countries or group of countries) are looked at. See, for
example, Li et al. (2001), Leip et al. (2008), Del Grosso et al. (2005) and Butterbach-
Bahl and Werner (2005) for model simulations in China, Europe, the United States,
and Germany, respectively. This was also confirmed by the detailed analysis in
Finland by Monni et al. (2007) who found that the yearly variation of N2O emissions
in Finland was relatively small (−104 to +171%) and suggested that climate-specific
models should be developed that take soil properties into account (Freibauer 2003;
Leip 2005b).
The analysis shows that N2O emissions from agricultural soils are not only
dominating the overall uncertainty of GHG emissions from agriculture, and in many
cases also the overall uncertainty of GHG inventories, but they are also dominating
the importance of correlation. This implies that particular attention has to be given
to the construction of the GHG inventory for this source category with respect to
correlations.
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4.4 Improving methods to estimate emission to higher tiers could result in higher
trend uncertainty
As discussed above, the concept of activity data and emissions factors as used
in the IPCC guidelines gives room for interpretations, with consequences for the
uncertainty assessment, particularly the trend assessment. This leads to a conceptual
question/methodological problem: if a country goes from Tier 1-based approaches
for quantifying emission factors to Tier 2 or even Tier 3-based approaches (i.e.,
calculated with process-based models); the assumption that these estimates are
correlated in time will no longer hold. Thus, if the uncertainty of the emission
factor (in one individual year) cannot be reduced under a certain threshold, the
improvement of the methodology can lead to an increase in the trend uncertainty.
This fact can have two consequences: (1) the country refrains from using higher Tier
approaches until the models become sufficiently robust and are thoroughly validated
so that the uncertainty of the emission factor falls below the threshold; (2) the models
are used to improve the emission factor, but are not part of the inventory system. This
could mean that the models run with a sufficiently large sample of weather conditions
in order to derive one or more (regional) emission factors that are assumed to be
valid for the whole time period (base year until end of commitment period). Both
solutions have advantages. The first solution forces countries to check the models
through a strict peer review for their own interest. The second solution would assure
that emission trends remain controlled by anthropogenic drivers over a commitment
period, thus giving a good ratio of benefit (in terms of incentives to implement
mitigation measures) versus quality of the emission estimates.
4.5 Trend uncertainty is very important
The most important piece of information for the UA is the trend uncertainty.
Therefore, the models should be tailored to suit that purpose (see also Monni et al.
2008). In practice, this means that a separation between AD and EF in the meth-
odology proposed by IPCC (2000, 2006) should be replaced by a distinction of
parameters which are correlated in time (the error thus being dominated by bias
rather than by random error or inter-annual variability, as is the case for most
default EFs) and parameters which are not correlated in time (where random error
or inter-annual variability dominate the uncertainty such as for most AD and other
parameters derived with an accurate model).
5 Conclusion
We present a new methodology that estimates the uncertainty for the categories
in the agriculture sector using information on the Tier level. In contrast to the
approach suggested in the IPCC guidelines, that uses uncertainty estimates for
activity data and emission factors for each source category, the method presented
uses quantitative information from individual parameters used in the inventory
calculations, in combination with a well defined procedure to aggregate, and comes
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up with an—also quantitative—estimate for the Tier and finally the uncertainty. The
methodology proposed is based on standard error propagation rules and additional
rules for “Tier-level propagation.” It considers possible correlation between source
categories without the need for Monte Carlo calculations. The method allows a
more transparent comparison of the uncertainty of GHG inventories across a group
of countries and could thus be used to focus efforts to improve GHG emission
estimates at a supra-national level. Not surprisingly, N2O emissions from agricultural
soils are found to be dominating the uncertainty of not only the agricultural sector,
but also the overall GHG inventory for many countries. This suggests that further
improvements should focus on programs to reduce the uncertainty of this source
category. The analysis shows that differences in the uncertainty data are mainly
based on different input data for the calculations, with a likely underestimation of
the activity-data uncertainty and an overestimation of the uncertainty of the emission
factors. Thus, the biggest challenge seems to be to put uncertainty estimates for AD
and EF on a solid and common basis. Efforts should be invested in a harmonization
of the concepts underlying the uncertainty assessment. At present, the combination
of uncertainties is done with an improved Tier 1 that considers dependencies. The
construction of a Monte Carlo model generally adds little accuracy to the uncertainty
estimate. The method presented has been applied to the 15 member states that
are part of the “European bubble.” It could seamlessly be applied to estimate the
uncertainty of the anthropogenic emissions at a larger scale, for example Annex I
countries or all parties to the UNFCCC.
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